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ABSTRACT
In a typical web search, users consider entry pages to rele-
vant sites as more valuable than isolated pieces of relevant
text. The Topic Distillation Task aims at identifying the
page at the right level of site hierarchy considered to pro-
vide optimal access, by browsing, to relevant pages within
the site, i.e. its Best Entry Page. Our aim is to estimate
a measure of how good a page is as an entry page to the
site it belongs, by aggregating the page’s system-assessed
relevance with that of its structurally related, Web pages
belonging to the same site. To model this aggregation, we
propose a framework which is expressed within Dempster-
Shafer Theory of Evidence. Furthermore,we generalise our
model by taking into account other system-assessed proper-
ties of Web pages. Apart from their relevance, the authority
and hub properties of Web pages are considered in the ag-
gregation. We evaluate our approach by performing exper-
iments using the .GOV test collection. The results of these
experiments are promising.
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1. INTRODUCTION
In the World Wide Web, a document covering a broad
topic may be distributed over a number of interlinked pages,
which belong to the same site. Users, however, consider it
redundant for a Web Information Retrieval (IR) system to
return many relevant pages from the same site, since, in
practice, they are able to easily reach all these pages by
browsing, when given an appropriate entry page to the site.
Therefore, Web IR systems should quantify not only how
relevant Web pages are, but also how good they are as entry
pages to the site they belong. A Good Entry Page (GEP)
measure should reflect how well a page enables a user to
obtain access, by browsing, to the relevant pages within the
site. Web IR systems could then employ this measure in
order to focus retrieval [13], by presenting to the user, not all
the relevant pages from a site, but only the page considered
to provide optimal access, by browsing, to relevant pages
within the site, i.e. its Best Entry Page (BEP).
TREC Web Track’s Topic Distillation Task was intro-
duced in 2002 and one of its objectives was to capture a
typical web search, where users consider entry pages to rele-
vant sites as “more valuable than isolated pieces of relevant
text” [11]. To be more specific, the aim of the task was
to identify key resources on a broad topic. In TREC-11
[4], key resources were defined as the type of resources that
a human editor might compile. This broad definition en-
compassed, among others, the notion of the BEP to a site,
when multiple pages from the same site are retrieved. In
TREC-12 [5], key resources were redefined and constrained
to correspond to pages at the right level of site hierarchy
acting as the BEPs to the retrieved sites. To simplify and
clarify the task, these key resources were biased towards the
sites’ entry pages (often referred to as their homepages1).
Various Web IR approaches have been applied in the con-
text of this task [4, 5]. Their aim is to identify a site’s BEP,
by ranking all the pages in that site with the respect to an
estimated GEP measure. To estimate this measure for a
particular page, most of these approaches consider that the
measure should reflect not only the relevance of that page,
but also that of the pages within the site that are accessible
from it by browsing. Therefore, by exploiting the structural
relations between pages belonging to the same site (i.e. the
site structure), a page’s GEP measure is estimated based on
the aggregation of its own system-assessed relevance score
and that of the pages within the site that are linked by it.
In this work, we aim at estimating how good a page is as
an entry page to the site it belongs, by also employing an
aggregation-based approach. To model the aggregation of
the system-assessed relevance scores of structurally related
Web pages belonging to the same site, we propose a frame-
work, which is formally expressed within Dempster-Shafer
(D-S) theory of evidence [21]. D-S is a theory of uncertainty
that supports the explicit representation of combination of
evidence, expressed by Dempster’s combination rule. This
makes the use of D-S theory particularly attractive in this
work, as it allows us to model the aggregation in a straight-
forward manner. Furthermore, we consider that, apart from
their property of relevance, other system-assessed properties
of Web pages, such as their authority and hub [12], could
be taken into account in this aggregation. This allows us
1For instance, TREC’s homepage is trec.nist.gov,
whereas the homepage of TREC’s publications site is
trec.nist.gov/pubs/ [11].
to consider a generalised view of a GEP measure defined in
reference not only to relevance, but to any other property.
The remainder of the paper is organised as follows. Sec-
tion 2 contains an overview of related work. Section 3 gives
an introduction to D-S theory and discusses what makes
its use attractive in this work. Our model is described in
Section 4, by first considering in the aggregation only the
system-assessed relevance of Web pages, and then by incor-
porating other of their system-assessed properties, such as
their authority and hub. The description of the setting for
performing experiments in order to evaluate our approach
using the .GOV test collection, is provided in Section 5.
The results of these experiments are reported and analysed
in Section 6. Section 7 provides some concluding remarks
and outlines future research.
2. RELATED WORK
Documents displaying logical structure can be consid-
ered not as atomic entities, but as aggregates of interrelated
objects that can be retrieved separately [3]. Examples of
such documents include structured documents (e.g. XML),
hypertext/ hypermedia and Web documents. Given a query,
one may retrieve objects that may be related to each other,
e.g sub-components of the same document, linked hyper-
text nodes or linked Web pages. These related objects may
be displayed at distant locations in the result, and this can
waste user time and lead to user disorientation [3]. This mo-
tivated the introduction of the concept of best entry points
(BEPs), which correspond to document components from
which users can browse to access further relevant document
components. The best entry pages introduced in the previ-
ous section are their Web-specific equivalent.
Most of the approaches employed in identifying BEPs are
aggregation-based and exploit the content and the struc-
tural knowledge associated with the documents. These ap-
proaches can be viewed from two different perspectives de-
pending on how the aggregation is performed.
In the first case, the aggregation is performed at index-
ing time through the propagation of index term weights.
This results in the representation of a document component
to be defined as the aggregation of the representation of
its own content and the representation of its structurally
related components [3]. Given a query, document compo-
nents of varying granularity are ranked based on their aggre-
gated representation and the top ranking ones are selected as
BEPs. In structured document retrieval, proposed models
have been based on Dempster-Shafer theory of evidence [13]
and Bayesian inference networks [7]. The former has also
been applied and evaluated on a small Web test collection,
constructed from a single museum Web site [14]. Although
the results of this latter study indicated effective focussed
retrieval of hierarchically structured Web documents, one of
the limitations of this aggregation-based approach is that
it does not scale well with the size of standard Web test
collections or the real Web.
In the second case, the aggregation is performed at query
time through the propagation of system-assessed relevance
scores. A ranking is produced by estimating a score for each
document component, defined as the aggregation of its own
system-assessed relevance score and that of its structurally
related components. This approach has been applied in hy-
pertext environments [9], the Web [15] and in the Topic
Distillation Task [4, 5]. Most of the approaches employed
this task are based on various spreading activation mech-
anisms [6], where a fraction of the relevance score of each
page propagates to the pages linked by it, assuming that
pages linked by other relevant pages are possibly relevant as
well.
Our aim is to employ the aggregation-based approach
based on the propagation of system-assessed relevance scores,
and model this aggregation using Dempster-Shafer theory
of evidence. Furthermore, apart from system-assessed rele-
vance scores, other system-assessed properties of Web pages,
such as their authority and hub [12], are also considered in
this aggregation.
3. DEMPSTER-SHAFER THEORY OF EV-
IDENCE
In this section, we describe the main concepts of Dempster-
Shafer (D-S) Theory of Evidence, a mathematical theory of
evidence and plausible reasoning, which has been developed
by Shafer [21] based on earlier work by Dempster [8].
Frame of discernment. Suppose that we are concerned
with the value of some quantity u and that the (non-empty)
set of its possible values is Θ. In the D-S framework, this
set Θ of mutually exhaustive and exclusive events is called a
frame of discernment. Propositions are represented as sub-
sets of this set. An example of a proposition is “the value
of u is in A” for some A ⊆ Θ. For A = {a}, a ∈ Θ, “the
value of u is a” constitutes a basic proposition. Non-basic
propositions are defined as the union of basic propositions.
Therefore, propositions are in a one-to-one correspondence
with the subsets of Θ.
Basic probability assignment. Beliefs can be assigned
to propositions to express their certainty. The beliefs are
usually computed based on a density function m : ℘(Θ) →
[0, 1] called a basic probability assignment (bpa):
m(∅) = 0 and
X
A⊆Θ
m(A) = 1
The quantity m(A) represents the belief assigned to ex-
actly the set A (and not to any proper subset of A), that is
the exact evidence that the value of u is in A. If there is pos-
itive evidence for the value of u being in A, then m(A) > 0
and A is called a focal element. The proposition A is said
to be discerned. No belief can ever be assigned to the false
proposition (represented as ∅). The sum of all non-null bpas
must equate 1. The focal elements and the associated bpas
define a body of evidence.
A δ-discounted bpa mδ(.) (with 0 ≤ δ ≤ 1) can be obtained
from the original bpa m as follows:
mδ(A) = δm(A) ∀A ⊆ Θ, A 6= Θ
mδ(Θ) = δm(Θ) + 1− δ
The discounting factor δ represents some form of meta-
knowledge regarding the reliability of the body of evidence,
which could not be encoded in m.
Belief function. Given a body of evidence with bpa
m, one can compute the total belief provided by the body
of evidence for a proposition. This is done with a belief
function Bel : ℘(Θ) 7→ [0, 1] defined upon m, so that it
takes into account the measures of belief assigned to more
specific propositions, i.e. to subsets of A:
Bel(A) =
X
B⊆A
m(B)
Bel(A) is the total belief committed to A, that is the
total positive effect the body of evidence has on the value
of u being in A. Complete ignorance with respect to the
frame of discernment Θ is represented by the vacuous belief
function over Θ, induced by the mass function m defined by
m(Θ) = 1 and for all A ⊂ Θ, m(A) = 0.
Dempster’s combination rule. This rule aggregates
two independent bodies of evidence with bpas m1 and m2
defined with the same frame of discernment Θ, into one body
of evidence defined by a bpa m on the same frame Θ:
m(A) = m1 ⊕m2(A) =
P
B∩C=Am1(B)m2(C)P
B∩C 6=∅m1(B)m2(C)
Dempster’s combination rule, then, computes a measure
of agreement between two bodies of evidence concerning var-
ious propositions discerned from a common frame of discern-
ment. The rule focuses only on those propositions that both
bodies of evidence support. The denominator of the equa-
tion is a normalisation factor that ensures that m is a bpa.
The use of D-S theory is particularly attractive in this
work, as it provides a rule to combine the effect of different
bodies of evidence (i.e. Dempster’s combination rule), which
allows us to explicitly model the aggregation. Furthermore,
D-S theory allows the representation of evidence of differ-
ent levels of abstraction, which can be used to express the
system-assessed properties of the Web pages, which are de-
fined at different levels of abstraction (as it will be explained
in Section 4.2.1). Finally, D-S theory supports the possibil-
ity of discriminating between uncertainty associated with a
source of evidence and any ignorance regarding that source.
4. DESCRIPTION OF THE MODEL
Being a Good Entry Page (GEP) to a site reflects how
well the page enables the user to obtain access, by brows-
ing, to pages within this site. Our aim is to estimate a GEP
measure of each page as the aggregation of its own system-
assessed properties and those of its structurally related Web
pages belonging to the same site. This aggregation is mod-
elled within Dempster-Shafer (D-S) theory of evidence.
First, we describe our model by considering in the ag-
gregation only the system-assessed relevance of Web pages
(Section 4.1) and then we generalise our model by incor-
porating other of their system-assessed properties, such as
their authority and hub (Section 4.2).
4.1 The model
This section describes the proposed framework for esti-
mating a GEP measure of a page as the aggregation of its
own system-assessed relevance and that of its structurally
related Web pages belonging to the same site. To model this
aggregation within D-S theory, we do the following. First,
we define a frame of discernment based on the property of
relevance and then describe how Web pages are represented
as bodies of evidence within the defined frame of discern-
ment (Section 4.1.1). The aggregation of the bodies of evi-
dence, corresponding to pages which are structurally related
to a particular page, allows us to estimate a GEP measure
of a page (Section 4.1.2).
4.1.1 Representation of objects
In our framework, the definition of the frame of discern-
ment Θ is based on the system-assessed properties to be
considered in the aggregation. When the only property to
be taken into account is the system-assessed relevance of
Web pages, the elements of Θ are defined as the mutually
exclusive propositions θ0 = {¬R} and θ1 = {R}. The propo-
sition corresponding to {R} reflects that the page has been
assessed as relevant by the system (with respect to the sub-
mitted query). On the other hand, the proposition corre-
sponding to {¬R} reflects that the page has been assessed
as non-relevant by the system.
Each Web page is referred to as an object and is repre-
sented by a body of evidence defined in Θ, through a set
a focal elements for which there is positive evidence. Since
a bpa m represents the uncertainty associated to a proposi-
tion,m(p) corresponds to the degree to which the system has
assessed an object as p. For instance, m(R)2 corresponds to
the degree to which the system has assessed an object as rel-
evant with respect to a query. The value ofm(p) is estimated
by employing an appropriate IR approach, such as a proba-
bilistic or a vector space model. For instance, if we suppose
that an object o has been retrieved with relevance score 0.6,
m(R) = 0.6. In this case, since the propositions correspond
to singleton sets, the overall belief Bel(R) = m(R).
From the definition of the bpa, each body of evidence
must assign the same total amount of belief to the entire set
of properties exhibited by the objects and which define the
frame of discernment. One approach in ensuring that this
condition holds is to treat it as an uncommitted belief, which
can be used to represent the uncertainty (overall ignorance)
associated with the available evidence regarding these prop-
erties. It is defined as 1−Ppk∈Θm(pk) and it is assigned as
the bpa value of the proposition corresponding to the frame
of discernment. If not null, this proposition constitutes a
focal element. For instance, for the above example where
m(R) = 0.6, the uncommitted belief is m(Θ) = 0.4.
4.1.2 Object aggregation
To estimate a GEP measure of a page, we aggregate its
own system-assessed relevance and that of its structurally
related Web pages belonging to the same site. However,
users tend, intuitively, to browse down from starting points
[14]. Therefore, they may consider a BEP as one that en-
ables them to access pages that are deeper, or at the same
level, in the hierarchy of the site. Initially, we concentrate on
the Web pages which are structurally related by hierarchical
down links and then also consider same directory links3.
A page containing hierarchical down links is represented
as an aggregate object. This object is derived from the ag-
gregation of the bodies of evidence of its component objects
(i.e. the objects linked by it with hierarchical down links)
and the object corresponding to the page itself. For instance,
consider a site consisting of five pages connected by hierar-
chical down links (Figure 1). Page 3 is then represented as
aggregate object a3 derived from the aggregation of o1, o2
and o3, and page 5, represented as a5, is derived from the
aggregation of a3 and o4.
In our example, consider that pages 1 and 2 are retrieved,
whereas pages 3, 4 and 5 are not. Suppose that objects
o1 and o2 corresponding to the retrieved pages, have been
assessed as relevant {R}, with belief 0.8 and 0.6 respectively.
2For simplicity, we use m(R) instead of m({R}).
3Hierarchical down links are intra-domain Web links whose
source is higher in the directory path than their target, while
for same directory links, their source is in the same directory
path as their target.
Figure 1: Web Site
Therefore m1(R) = 0.8, Bel1(R) = 0.8 and m2(R) = 0.6,
Bel2(R) = 0.6. The uncommitted belief is: m1(Θ) = 0.2,
m2(Θ) = 0.4, and m3(Θ) = m4(Θ) = m5(Θ) = 1.
The aggregation process is applied to the whole site start-
ing with the retrieved pages deepest in the hierarchy, where
no aggregation is performed. At the first step of the ag-
gregation, the component objects of o3 are aggregated into
an intermediate aggregate c3. Its body of evidence is com-
puted using Dempster’s combination rule: mc3 = m1 ⊕
m2. For the propositions supported by both bodies of ev-
idence, we have mc3(R) = 0.92 and mc3(Θ) = 0.08. At
the next step, the body of evidence of a3 is computed:
ma3 = mc3 ⊕ m3, with ma3(R) = 0.92, ma3(Θ) = 0.08
and Bela3(R) = ma3(R). Similarly, for a5: ma5(R) = 0.92,
ma5(Θ) = 0.08 and Bela5(R) = ma5(R).
We consider the belief in the property of relevance Bel(R),
as this is computed through the aggregation process, to re-
flect a GEP measure, since it captures, for each page, its own
system-assessed relevance and that of its linked pages. For
our example, the ranking with respect to this GEP measure
is: Bela3(R) = Bela5(R) > Bela1(R) > Bela2(R). How-
ever, it would be more intuitive to consider page 3 as the
BEP, i.e. to have Bela3(R) > Bela5(R). To model this, we
can employ the following approaches.
First of all, since component objects reflect information
deeper in the hierarchy, the contribution of this informa-
tion should diminish as we move further up. This can be
modelled by a discounted bpa, with a discounting factor re-
flecting a propagation [9] (or fading [15]) factor. This can
be applied to intermediate aggregate ci to reflect the uncer-
tainty associated with the propagation process. Discounted
bpas can also be applied to model the contribution of each
of the component objects forming an aggregate object. The
extent of each contribution, referred to as accessibility [19],
captures the uncertainty related to the structure of the site.
For instance, if an object o has n hierarchical down links to
objects oi, their accessibility could be set to
1
n
, and that of
object o itself could be set to 1.
A second approach would be to reflect the contribution
of the non-retrieved pages employed in the aggregation, by
setting the value of their m(¬R). In the example described
above, when a page is not retrieved by the system, it is rep-
resented by m(Θ) = 1. This expresses complete ignorance
with respect to Θ. However, the evidence that the page has
not been retrieved by the system, can be used to express our
belief in the page being non-relevant. This can be expressed
by setting m(¬R) 6= 0 for the non-retrieved pages.
Finally, additional types of links, such as same directory
links can be taken into account in the aggregation. Consider,
for example that in the site depicted in Figure 1, there exists
a same directory link between pages 3 and 4. In this case,
the component objects of the new aggregate a′3 are: o1, o2,
o3 and o4. m
′
a3 = ma3 ⊕m4 = m1⊕m2⊕m3⊕m4 and the
GEP measure is estimated by Bel′a3(R). To estimate ma5 ,
we could propagatem′a3 andm4. However, this would result
in m4 being considered twice in the aggregation. Therefore,
ma3 is propagated instead.
4.2 Generalisation of the model
This section provides a generalisation of our model by
incorporating other system-assessed properties in the aggre-
gation. First, we describe these properties (Section 4.2.1)
and define a frame of discernment based on them (Section
4.2.2). We discuss how Web pages are represented as bodies
of evidence within the defined frame of discernment (Sec-
tion 4.2.3). The aggregation of these bodies of evidence is
analogous to the process detailed in Section (Section 4.1.2),
and therefore it will not be further discussed.
4.2.1 Properties of objects
So far, we have considered in the aggregation only the
system-assessed relevance of Web pages. In essence, we view
relevance as a static and objective concept, which is assessed
by the IR system without a user’s intellectual involvement.
This corresponds to the objective class of relevance [1, 10,
20]. Within this class, there exists a specific type [1] (or
manifestation [20]) of relevance called algorithmic relevance,
which describes the kind of the relation between the query
and the retrieved Web pages, and constitutes one of the
system-assessed properties of the Web pages.
By referring to the system-assessed property of relevance
of Web pages, we have actually been implying the most
prominent kind of algorithmic relevance commonly known
as “topicality”. This is defined in terms of “ ... how well
the topic of the retrieved information matches the topic of
the request” [10]. We label this kind of algorithmic rele-
vance as topical relevance, and consider that topic refers
to the contents of the Web pages and the query. Therefore,
this kind of system-oriented algorithmic relevance, as ex-
pressed by the retrieved Web pages, is assessed by employing
content-based evidence. A specification of topical relevance
could be derived by considering the IR model employed by
the system and, for instance, we could have probabilistic
topical relevance or vector space topical relevance.
In the Web, however, other kinds of algorithmic rele-
vance (or properties) could be assessed, by employing fur-
ther, Web-specific, evidence. Here, we consider the source of
evidence most commonly exploited by Web IR approaches,
i.e. the connectivity of a page within the Web graph. This
allows us to define Web-specific algorithmic relevance in
terms of not only “how well the topic of the retrieved infor-
mation matches the topic of the request”, but also in terms
of “how well the retrieved page is connected within the Web
graph”. The assumption underlying the use of this evidence
by Web IR systems, which usually employ link analysis rank-
ing algorithms [12], is that the Web’s link structure can be
viewed as a network of recommendations4 between pages
[22]. When a page is pointed by other pages, it is consid-
ered to be recommended by them and vice versa.
The connectivity of a Web page can be determined in
terms of its incoming links or its outgoing links. This leads
us in considering two kinds of algorithmic relevance.
The first one is determined in terms of “how well the topic
of the retrieved page matches the topic of the request and
4This network takes into account only inter domain links,
since the underlying assumption is that they are the ones
conveying endorsement [12].
additionally how well the retrieved page is linked by other
pages within the Web graph”. This is usually determined in
a recursive manner, where “how well the retrieved page is
linked by other pages” is assessed by considering how well
these pages are linked and so on. When a page is pointed
by other pages, it is considered to be recommended by them
and regarded as an authority [12]. Therefore, we refer to this
kind of algorithmic relevance as authority relevance. A
page assessed as authoritatively relevant is typically defined
as a page that is not only topically relevant, but it is also a
”trusted source of correct information” [22].
Similarly, the second kind of algorithmic relevance is de-
termined in terms of “how well the topic of the retrieved
page matches the topic of the request and how well the re-
trieved page links to other pages within the Web graph”.
We refer to this property as hub relevance. A hub rel-
evant page [12], provides a comprehensive list of links to
authority relevant pages on the topic of the query.
So far we have considered system-assessed properties of
Web pages determined with respect to a specific query. How-
ever, we can assess “how well a page is connected within the
Web graph”, irrespective of a query. Therefore, by taking
into account the incoming links of a page and employing an
appropriate link analysis ranking algorithm (such as PageR-
ank [16]), the query-independent authority of a page can
be determined. This assessment could be combined with a
topical relevance measure, in order to estimate the page’s
authority relevance. The same applies when considering the
incoming links of a page. In this case, the query-independent
hub of a page (or its utility [18]) can be assessed.
In summary, the system-assessed relevance of a Web
page can be refined into its topical relevance, authority rele-
vance and hub relevance depending on the type of evidence
considered. Similarly, the system-assessed authority of a
Web page can be refined into its authority relevance and
query-independent authority and its system-assessed hub
into its hub relevance and query-independent hub. We in-
troduce the notion of composite properties to refer to the
ones that are more specific than the elementary properties
of a page. In our case, the topical, authority and hub rele-
vance, and query-independent authority and hub of a page
constitute its composite properties, which are specified with
respect to the elementary properties of relevance {R}, au-
thority {A} and hub {H}.
4.2.2 Frame of discernment
To define a frame of discernment based on the above prop-
erties, we consider E = {e1, · · · , eE} to be the set of elemen-
tary properties and C = {c1, · · · , cC} the set of composite
properties, with ci ⊆ E. The frame of discernment Θ is
constructed based on the set E. The elements of the frame
are defined as the mutually exclusive propositions, derived
by considering all the possible boolean conjunctions of all
the elements ei ∈ E, containing either ei or its negation
¬ei. There are 2E elements in Θ and each is denoted as
θb1b2···bn , where b1b2 · · · bn is an n-bit binary number, such
that θb1b2···bn corresponds to the proposition “x1∧x2∧· · ·∧
xn”, where xi = ei if bi = 1 and xi = ¬ei if bi = 0.
Since we consider that the set of elementary properties
of a Web page consists of the relevance R of the page, its
authority A and hub H, we define E = {R,A,H}. The
propositions then forming the frame of discernment Θ are
listed in Table 1.
Table 1: Propositions forming Θ
θ000 ¬ R ∧ ¬ A ∧ ¬ H
θ001 ¬ R ∧ ¬ A ∧ H
θ010 ¬ R ∧ A ∧ ¬ H
θ011 ¬ R ∧ A ∧ H
θ100 R ∧ ¬ A ∧ ¬ H
θ101 R ∧ ¬ A ∧ H
θ110 R ∧ A ∧ ¬ H
θ111 R ∧ A ∧ H
Figure 2: Example of an object in Θ
Each element θb1b2···bn ∈ Θ corresponds to the property
θb1b2···bn assessed by the system for a Web page. For in-
stance, θ100 corresponds to {R ∧ ¬A ∧ ¬H}, reflecting that
the page has been assessed as being topically relevant. There-
fore, θ100 provides a more refined representation of the no-
tion of relevance compared to that provided by the proposi-
tion {R}. The latter corresponds to θ100 ∨ θ101 ∨ θ110 ∨ θ111,
and reflects the overall relevance, without specifying what
evidence have been considered. Consequently, θ100 corre-
sponds to the topical relevance as this is defined in classical
IR, where the connectivity of a Web page into the Web graph
is not considered.
4.2.3 Representation of objects
Each Web page, referred to as an object, is represented by
a body of evidence defined in Θ. Every elementary property
ei ∈ E for which there is positive evidence supporting it,
defines a focal element, the proposition pi. Every compos-
ite property ck also defines a focal element, the proposition
pk =
V
l pl, where each pl is the proposition associated to
the elementary property el for el ∈ ck.
If we consider an object o assessed as: p1 = {R}, p2 =
{A}, p3 = {H} and p4 = {R∧A}, then these properties are
defined in terms of the propositions in Θ as: p1 = θ100 ∨
θ101 ∨ θ110 ∨ θ111, p2 = θ010 ∨ θ011 ∨ θ110 ∨ θ111, p3 = θ001 ∨
θ011 ∨ θ101 ∨ θ111 and p4 = θ110 ∨ θ111. If we further assess
property p5 = {R ∧ ¬A ∧ ¬H}, then p5 = θ100 (Figure 2).
The value of m(p) is estimated by employing an appropri-
ate Web IR approach. For instance, if pi corresponds to the
authority relevance of an object {R∧A∧¬H}, m(pi) could
be estimated using HITS algorithm [12].
For the object o defined above, if we suppose thatm(p1) =
0.2, m(p2) = 0.1, m(p3) = 0.05, m(p4) = 0.15 and m(p5) =
0.1, then the uncommitted belief m(Θ) = 1 − (0.2 + 0.1 +
0.05 + 0.15 + 0.1) = 0.4. The belief Bel(R) = m(p1) +
m(p4) +m(p5) = 0.2 + 0.15 + 0.1 = 0.45 can be considered
to reflect the object’s overall relevance.
The aggregation of these bodies of evidence is analogous
to the process detailed in Section 4.1.2. In this case, we
can estimate a GEP measure with respect to a property at
any level of abstraction. For instance, Bel(R ∧ ¬A ∧ ¬H)
can be considered the GEP measure with respect to topical
relevance and Bel(R ∧ A ∧ ¬H) with respect to authority
relevance. Bel(R), on the other hand, is the measure with
respect to the overall relevance.
5. DESCRIPTION OF THE EXPERIMENTS
To evaluate the proposed framework, we perform experi-
ments using the .GOV test collection, employed in the Topic
Distillation Task in TREC-11 [4] and TREC-12 [5]. .GOV
is a 1.25 million pages crawl of the .gov Internet domain,
collected in early 2002. There are 100 available topics: 50
were employed in TREC-11 [4] and 50 in TREC-12 [5].
Our system consists of a retrieval component and a post-
retrieval processing component for the identification of BEPs.
The retrieval component is the InQuery retrieval system [2],
used to index the collection (by applying stopword removal
and stemming) using only the content (C) of the pages. The
top X pages retrieved by submitting the titles of the topics
constitute the baseline of our experiments, C(top X pages).
For this set of experiments, X was set to 100 and 1000.
Processing the C results, so that only the top ranking
page from each domain was kept and replaced by its domain
name, produced a ranking of the top retrieved domains,
C(top X domains). Processing the relevance assessments in
the same manner, produced the set of domains containing
key resources. The retrieved domains were evaluated against
the processed relevance assessments, in order to measure the
effectiveness of the retrieval component in identifying pages
from the domains containing the key resources.
The post-retrieval processing component for BEP identi-
fication used C(top X domains) and replaced the domain
name with its BEP. The BEP was identified using the pages
retrieved by C(top X pages). Two simplistic BEP iden-
tification approaches were evaluated: the selection of the
top ranking retrieved page from each domain (TopRank-
ing) and of the shallowest retrieved one (Shallowest). Two
aggregation-based approaches were evaluated: a linear com-
bination (LC) and the proposed Dempster-Shafer frame-
work (DS). The LC was used to represent a baseline with
respect to the aggregation process. The DS was used with
frame of discernment Θ = {¬R,R}. m(R) corresponds to
the belief estimated by the retrieval component and Bel(R)
is the GEP measure.
Initially, we consider only hierarchical down (Down) links.
The accessibility of the component pages is represented by
acc and the propagation factor by prop. The accessibility
of the parent pages is set to 1 for all experiments. The
aggregation-based methods are denoted as LC(acc, prop)
and DS(acc, prop). For instance, DS(1, 0.5) represents the
application of the framework with acc = 1 and prop = 0.5.
prop and acc were experimentally set to 0.25, 0.5, 0.75, 1
and 1
n
, where n is the number of component objects. We
also set m(¬R) for the non-retrieved pages to values from
0.3 to 0.7, at step 0.1. We also consider the case where a
second type of links, same-directory (SameDir) links, are
taken into account in the aggregation.
Finally, we evaluate DS, with the frame of discernment
formed from E = {R,A}. m(R ∧ ¬A) corresponds to the
belief estimated by the retrieval component, m(R ∧A) cor-
responds to the authority values estimated using HITS [12]
on C(top 100 pages) and Bel(R) is the GEP measure. In
this instance, only Down links were considered and the ap-
proach is denoted as DS {R,A}.
In TREC-11, the evaluation measure was precision at 10.
In TREC-12, the redefinition of the task resulted in a lower
number of key resources. This affected the stability of pre-
cision at 10 and R-precision (precision at R, where R is the
number of relevant documents for a query). We use precision
at 5,10, mean average precision (MAP) and R-precision.
6. ANALYSIS OF THE RESULTS
This section discusses the results of our experiments. The
baseline content-based (C) results for TREC-11 are pre-
sented in Table 2. Due to the confusion about the defini-
tion of the task, the relevance assessments were carried out
in a manner appropriate for the Topic Relevance and not
the Topic Distillation task [11]. This implied that content-
based approaches performed better than ones biased to-
wards retrieving BEPs. Precision at 10 for our baseline C is
0.2204 (Table 2), when the best submitted run in TREC-11
achieved 0.2510 precision at 10. While the content-based
approach performed well, any further processing aiming at
the identification of BEPs decreased the effectiveness (Table
3). Since this set of relevance assessements does not allow us
to investigate the effectiveness of our framework, no further
discussion about them will be included.
The baseline content-based (C) results for TREC-12 are
presented in Table 2. R-precision is 0.0774 and precision at
10 is 0.0760. The highest R-precision score achieved by the
runs submitted to TREC-12 was 0.1636, while precision at
10 was 0.1280 [5]. These figures correspond to two different
runs and were achieved after the processing for identification
of the BEP. One reason explaining the lower effectiveness
of our C results is that only the content was used when
indexing the Web pages. Additional Web evidence, such
the referring anchor text, which has shown to improve the
effectiveness [5, 11, 17], was not included. For instance, it
was reported in [17], that by using the PL2 weighting scheme
for TREC-12 topics, the R-precision achieved was equal to
0.0730 when using content only, and equal to 0.1325 when
using both content and referring anchor text. In this work,
we concentrate on investigating the effect of the application
of our framework on the results produced by the baseline.
It is an objective of future research to investigate whether
improvements in the baseline can lead to improvements in
our BEP identification method.
Although, we use precision at 10 and R-precision (R <
100) as evaluation measures, the retrieval of C(top 1000
pages) is employed in order to increase the number of re-
trieved pages from each domain and investigate their effect
when identifying the BEP. The evaluation of the top ranking
domains (Table 2) is a first indication that C retrieves pages
from domains containing pages assessed as key resources.
By comparing the two simplistic BEP identification ap-
proaches, Shallowest performs better when using the top
100 retrieved pages (Table 4), while TopRanking performs
better when using the top 1000 (Table 5). These results are
consistent with those produced when these methods were ap-
plied in the Topic Distillation Task [4, 5] and indicate that
these techniques do not work particularly well. Therefore, a
more sophisticated approach is required.
The LC aggregation approach is applied by employing
only the system-assessed relevance scores. It achieves R-
precision of 0.1207 when the top 100 retrieved pages are
used (Table 4), and 0.1226 for the top 1000 (Table 5). These
figures constitute a significant improvement over C. When
acc = 1
n
, LC initially estimates the average of the relevance
Table 2: C results for TREC-11 & TREC-12
TREC-11 MAP Pr. at 5 Pr. at 10 R-Pr.
C (top 100 pages) 0.1460 0.2531 0.2204 0.1713
C (top 1000 pages) 0.1642 0.2531 0.2204 0.1733
C (top 100 domains) 0.4088 0.4898 0.3959 0.4294
C (top 1000 domains) 0.4583 0.4898 0.3959 0.4388
TREC-12 MAP Pr. at 5 Pr. at 10 R-Pr.
C (top 100 pages) 0.0899 0.1000 0.0760 0.0774
C (top 1000 pages) 0.0985 0.1000 0.0760 0.0774
C (top 100 domains) 0.3762 0.3760 0.2920 0.3394
C (top 1000 domains) 0.4097 0.3760 0.2920 0.3423
Table 3: TREC-11 top 100 pages
TREC-11 MAP Pr. at 5 Pr. at 10 R-Pr.
C 0.1460 0.2531 0.2204 0.1713
TopRanking 0.0723 0.2082 0.1816 0.1215
Shallowest 0.0589 0.1837 0.1714 0.1122
LC ( 1n , 0.25) 0.0710 0.2041 0.1796 0.1215
LC ( 1n , 0.5) 0.0678 0.1959 0.1755 0.1191
DS ( 1n , 0.5) 0.0713 0.2041 0.1796 0.1211
DS (m(¬R) = 0.5) 0.0670 0.2000 0.1776 0.1203
scores of the component pages. This average is weighted
by prop before being added to the score of the parent page.
Tables 4, 5 indicate that the lower the value of prop in LC,
meaning the lower the impact of the component pages in
the aggregation, the better the results. The best results are
achieved when prop = 0.25, while an increase in the value
of prop, decreases R-precision.
The results of the DS aggregation approach employing
only the system-assessed relevance scores are listed in Ta-
bles 4, 5. For acc = 1, the best results are achieved when
prop = 0.5, with R-precision 0.1113 when the top 100 re-
trieved pages are used (Table 4), and 0.1061 for the top
1000 (Table 5). These results are an improvement over C.
However, the results of the LC aggregation are slightly bet-
ter. DS achieves its best results for prop = 0.5 > 0.25 used
by LC. This could indicate that for DS to achieve better
results, the component pages should contribute more in the
aggregation than they do in LC . The worst results for DS
with acc = 1, are observed when prop = 1. This indicates
that the contribution of the component pages in the aggre-
gation should be lower than that of the parent page.
For DS with acc = 1
n
, the contribution of the component
pages is considered within the computation of their interme-
diate aggregate, which is propagated and aggregated with
the parent. This means that since the impact of the compo-
nent pages is already diminished within their aggregation, an
additional propagation factor is probably not needed. This
is verified in the DS for acc = 1
n
, where the best results are
achieved for prop = 1 when the top 100 retrieved pages are
used (Table 4), and for prop = 0.75 for the top 1000 pages
(Table 5). These results are an improvement over C, with
the LC aggregation still performing slightly better.
So far, we have investigated the effect on the aggregation
of the system-assessed relevant pages. The contribution of
the non-retrieved pages participating in the aggregation can
be captured in the DS approach, by setting m(¬R) 6= 0.
The values of acc and prop are set to 1, so that changes
in the effectiveness can be attributed to the influence of
m(¬R). When the aggregation is performed using the top
100 retrieved pages (Table 4), the best results are observed
for m(¬R) = 0.4, with R-precision equal to 0.1229. This
constitutes a significant improvement over C, equivalent to
that achieved by LC. Similar results are obtained when the
Table 4: TREC-12 top 100 pages
TREC-12 MAP Pr. at 5 Pr. at 10 R-Pr.
C 0.0899 0.1000 0.0760 0.0774
TopRanking 0.0699 0.0920 0.0760 0.0787
Shallowest 0.0862 0.1080 0.0960 0.0965
LC (acc, prop)
LC ( 1n , 0.25) 0.1036 0.1120 0.0880 0.1207
LC ( 1n , 0.5) 0.0939 0.1080 0.0880 0.1107
LC ( 1n , 0.75) 0.0881 0.1040 0.0880 0.1107
LC ( 1n , 1) 0.0819 0.1000 0.0860 0.1057
DS (acc, prop)
DS (1, 0.25) 0.0851 0.1040 0.0820 0.0893
DS (1, 0.5) 0.1006 0.0960 0.0840 0.1113
DS (1, 0.75) 0.0842 0.0840 0.0800 0.0995
DS (1, 1) 0.0445 0.0560 0.0620 0.0709
DS ( 1n , 0.5) 0.0716 0.1000 0.0800 0.0843
DS ( 1n , 0.75) 0.0885 0.1160 0.0860 0.1007
DS ( 1n , 1) 0.0955 0.1160 0.0880 0.1107
DS (m(¬R))
DS (0.3) 0.0881 0.1000 0.0880 0.1129
DS (0.4) 0.1030 0.1160 0.0900 0.1229
DS (0.5) 0.1096 0.1160 0.0900 0.1207
DS (0.6) 0.1068 0.1200 0.0880 0.1140
DS (0.7) 0.0953 0.1120 0.0860 0.1074
DS {R, A} (acc, prop)
DS {R, A} (1, 0.5) 0.0763 0.1120 0.0800 0.0920
DS {R, A} (1, 0.75) 0.0640 0.0920 0.0680 0.0847
DS {R, A} ( 1n , 0.5) 0.0746 0.1120 0.0820 0.0854
DS {R, A} ( 1n , 0.75) 0.0733 0.1120 0.0820 0.0854
aggregation is performed using the top 1000 retrieved pages
(Table 5), This indicates that considering the contribution
of the non-retrieved pages in the aggregation, could be an
important source of evidence and should be further investi-
gated.
The results of theDS which takes into account both Down
and SameDir links are listed in Table 6. R-precision in-
creases with respect to C, but it does not improve over the
DS approach when only Down links are employed. However,
this method was evaluated using only a limited number of
combinations of values for the acc and prop parameters and
m(¬R) was set to 0. Further experiments are needed to con-
clude whether it is worth including additional types of links
and what their contribution should be.
Finally, the results of the DS {R,A} approach, where
both the topical relevance and the authority relevance scores
are taken into account, are listed in the lower part of Table
4. The results indicate that the incorporation of the HITS
authority relevance scores does not improve on the effective-
ness. Further investigation is needed in what Web evidence
associated with the hyperlink structure could be considered.
The results of the experiments are promising. They indi-
cate that our DS approach improves the effectiveness over
the baseline and is at least as effective as a simple LC aggre-
gation. In addition, the framework’s flexibility allows us to
incorporate and combine various sources of evidence, rang-
ing from the system-assessed properties of the aggregated
Web pages to their contribution in the aggregation process.
7. CONCLUSIONS AND FUTURE WORK
We proposed a framework for estimating a measure of
how good a Web page is as an entry page to the Web site
it belongs. This measure is estimated by aggregating the
page’s system-assessed properties with those of its struc-
turally related Web pages. The framework is expressed
within Dempster-Shafer theory of evidence, with the proper-
ties of the Web pages, such as their relevance, authority and
Table 5: TREC-12 top 1000 pages
TREC-12 MAP Pr. at 5 Pr. at 10 R-Pr.
C 0.0985 0.1000 0.0760 0.0774
TopRanking 0.0725 0.0920 0.0760 0.0794
Shallowest 0.0448 0.0800 0.0680 0.0680
LC (acc, prop)
LC ( 1n , 0.25) 0.1148 0.1320 0.1000 0.1226
LC ( 1n , 0.5) 0.1026 0.1360 0.0940 0.1135
LC ( 1n , 0.75) 0.0836 0.1160 0.0860 0.0989
LC ( 1n , 1) 0.0741 0.1040 0.0780 0.0998
DS (acc, prop)
DS (1, 0.25) 0.0869 0.1000 0.0860 0.0909
DS (1, 0.5) 0.1046 0.1080 0.0800 0.1061
DS (1, 0.75) 0.0635 0.0920 0.0720 0.0820
DS ( 1n , 0.25) 0.0742 0.1000 0.0820 0.0859
DS ( 1n , 0.5) 0.0751 0.0920 0.0800 0.0836
DS ( 1n , 0.75) 0.1088 0.1160 0.0940 0.1139
DS ( 1n , 1) 0.0897 0.1160 0.0940 0.1010
DS (m(¬R))
DS (0.3) 0.0728 0.0840 0.0680 0.0829
DS (0.4) 0.0871 0.0840 0.0680 0.0991
DS (0.5) 0.1188 0.1034 0.0862 0.1208
DS (0.6) 0.1022 0.1000 0.0800 0.1115
DS (0.7) 0.1315 0.1241 0.0966 0.1337
Table 6: TREC-12 with Down and SameDir links
TREC-12 top 100 MAP Pr. at 5 Pr. at 10 R-Pr.
DS
Down (1, 0.5)
0.1054 0.1120 0.0920 0.1130
SameDir (1, 0.25)
DS
Down (1, 0.5)
0.0899 0.1160 0.0880 0.1091
SameDir (1, 0.5)
TREC-12 top 1000 MAP Pr. at 5 Pr. at 10 R-Pr.
DS
Down (1, 0.5)
0.1085 0.1400 0.0980 0.1113
SameDir (1, 0.25)
DS
Down (1, 0.5)
0.0872 0.1320 0.0900 0.1165
SameDir (1, 0.5)
hub represented at various levels of abstraction and various
aggregation methods expressed by modelling the contribu-
tion of the components in the aggregation. The results of
our experiments using the .GOV collection are promising.
We are currently performing experiments in order to fur-
ther evaluate our framework. Our aim is to employ addi-
tional Web evidence, such as the referring anchor text in the
indexing and the URL length and counts of incoming and
outgoing links in the BEP identification. We would also like
to investigate ways in which the uncommitted belief, rep-
resenting the uncertainty associated with the available evi-
dence, can be exploited. Finally, since the use of BEPs is in-
tended to support users’ information seeking behaviour, we
are interested in conducting interactive experiments using
the .GOV document collection. These would aim at elicit-
ing from the users criteria of what constitutes a BEP, which
could be subsequently incorporated in our framework.
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